This paper uses matched employee-employer LIAB data to provide panel estimates of the structure of labor demand in Germany, 1993Germany, -2002, distinguishing between highly skilled, skilled, and unskilled labor and between the manufacturing and service sectors. Reflecting current preoccupations, our demand analysis seeks also to accommodate the impact of technology and trade in addition to wages. The bottom-line interests are to provide elasticities of the demand for unskilled (and other) labor that should assist in short-run policy design and to identify the extent of skill biases or otherwise in trade and technology.
I. Introduction
For several decades now, the demand for unskilled labor in Germany as elsewhere has been declining. There is no shortage of explanations for this phenomenon: skill-biased technological change (Falk and Seim, 1999) , increased international trade (Fitzenberger, 1999a) and, latterly, organizational change (Lindbeck and Snower, 2000; Fitzenberger, 1999b) . (A related preoccupation is of course the extent to which declining demand for the unskilled has been exacerbated by a rigid wage structure.) In the present treatment, using information on 1,171 manufacturing plants employing on average 360,000 employees, and on 174 service sector establishments covering some 49,000 employees, we seek to address these various influences using a flexible cost function framework to derive the demand for heterogeneous labor It is precisely this latter complication that involves the use of linked employee-employer data because only the latter contain detailed wage information. We estimate inter al. the own-wage elasticity of unskilled and skilled (and highly skilled) labor as well as the elasticities of the various labor categories with respect to trade, technology, and organizational change measures. We disaggregate by manufacturing and services both because of sectoral differences in the role of trade and by reason of occupational composition.
To anticipate our findings, which are somewhat at odds with the literature, we report that the own-wage elasticity of unskilled labor in manufacturing, although well determined, is smaller in absolute value than that of skilled workers (if not the most highly skilled). We also find that trade and technology are not unfavorable to unskilled worker employment, while organizational change which is often assumed to be destructive of unskilled jobs also appears to have a positive effect. To explain why unskilled worker employment has shrunk, we would therefore rely on (excessive) unskilled worker wage levels in a rigid wage system, even if the actual decline in employment over the decade long sample period is muted.
II. Data
Our data are taken from ten waves of the LIAB, 1993 LIAB, -2002 . The LIAB combines Federal Employment Agency (Bundesagentur für Arbeit) employment statistics with plant-level data from the Institute for Employment Research (Institut für Arbeitsmarkt-und Berufsforschung) or IAB Establishment Panel. The distinctive feature of the LIAB is the combination of information on individuals and details concerning the firms -strictly establishments -that employ them. The employment statistics are drawn from the German employment register, which contains information on all employees and trainees subject to social security taxes (see Bender, Haas, and Klose, 2000) . In 1995, for example, the employment statistics covered 79.4 (86.2) percent of all employed persons in Western (Eastern) Germany. Those excluded, in addition to the self employed, include civil servants, family workers, students enrolled in higher education, and workers in marginal employment. The employment register was established in 1973 to integrate the notification procedures for social security (pensions, health insurance, and unemployment insurance). Information is recorded at the start and end of the individual's employment within a firm and in annual end-year reports. The employment statistics contain data on the individual's three-digit occupation, daily gross wage up to the earnings ceiling for social security contributions, 1 gender, year of birth, nationality, marital status, number of children, and schooling/training. Each individual record also contains the establishment identifier, as well as the size and industry affiliation of that establishment, although unfortunately one cannot match establishments belonging to a single enterprise.
The plant-level component of the LIAB, the IAB Establishment Panel, 2 was initiated in 1993 (Kölling, 2000) . It is based on a stratified random sample -strata for 16 industries and 10 employment size classes -from the population of all establishments. namely, 1995, 1998, 2000, and 2001. 3 Other examples cover topics such as innovations, profit sharing/share ownership, further training, and labor flexibility.
In summary, the LIAB is created by linking the employment statistics of the Federal Labor Agency with the IAB Establishment panel via the plant identifier available in both data sets. This matched data set currently comprises the years 1993 through 2002. For the purposes of the present inquiry and in the interests of panel estimation we use information on all ten years and thus exclude Eastern Germany. The basis of the initial sample is all establishments in the manufacturing sector, while for services we excluded banking and insurance where output is not measured by sales (being reported in balance-sheet terms for the former and in premiums for the latter) plus three clearly not-for-profit service subsectors (e.g. public administration). We then proceeded to weed out further nonprofit organizations in services by exploiting (two) other questions in the Establishment Panel so as to obtain our preferred services (sub)sample.
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III. The Model
Our theoretical framework admits of a representative firm that chooses among heterogeneous labor inputs while allowing for unrestricted factor substitution. Any disaggregation of the required production inputs is nevertheless limited by data availability on the relevant subaggregates as well as reliable information on the respective input prices. Unsurprisingly, in empirical applications disaggregation is more determined by pragmatism than by anything else.
In our case, workers were notionally classified into six skill categories -three bluecollar and three white-collar -prior to using the individual (administrative) records and matching them to the production units from the establishment panel. So as to avoid having too few workers in the individual skill categories for our two sectors, we actually classified workers into four categories per sector -as well as imposing a minimum requirement of two workers per skill group. For manufacturing this meant three blue-collar skill categories (unskilled, skilled, and highly skilled [i.e. master craftsmen]) and one composite white-collar group, based on employer definitions. For services this meant three white-collar skill categories (unskilled, skilled, and highly skilled, now defined on the basis of education level and qualifications) and a composite blue-collar entity.
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Given this representation of the structure of the workforce, we wanted the substitution possibilities between the various types of labor to be as unrestricted as possible. To this end, we deployed a flexible cost function -specifically, the Generalized Leontief Function -in which the elasticity of substitution between any pair of factors can assume any (positive) value; indeed, the greater is the corresponding coefficient in the cost function, the greater is the elasticity of substitution (Diewert, 1971). 6 In this framework we treat capital as a quasi-fixed factor. This assumption means that we are only concerned with the optimal choice of the set of variable inputs, therefore using the capital stock as a regressor in our heterogenous labor demand functions rather than its user cost. 7 We think this treatment of capital is appropriate given the data circumstances. 
are the parameters to be estimated.
In particular, we specify the cost function
and then enter additively the exogenous variables in vector Z , plus a quadratic term in output to allow for non-constant returns to scale , as follows 
Then, differentiating the cost function (2) with respect to , we obtain i w
Although these four demand functions can be estimated by OLS, there are well known gains in efficiency if they are estimated jointly in a system of seemingly unrelated regressions (the SUR model), allowing for the possibility that the error terms in each specification in equation (4) are contemporaneously correlated (e.g. unexpected shocks are expected to affect them in a systematic way). In particular, we will implement a SUR model with fixed effects, which amounts to applying a standard within transformation of the data (which means that for each variable we take the difference from the mean of the corresponding production unit). The usual symmetry conditions are also imposed to the system. Further, to avoid any bias in the estimated standard errors, the labor demand input is divided by output so that the system is specified in terms of input/output coefficients.
Finally, the relevant own-and cross-wage elasticities, as well as the elasticities of labor demand with respect to capital and the other indicators of technology, can be derived as follows. Formally, the elasticity of the labor demand for skill group i with respect to input price j is given by
which, using (4), yields the own-wage elasticity
For its part, the cross-wage elasticity is given by
Clearly, if the cross-wage elasticity between i and j is positive (negative), the corresponding skill groups are substitutes (complements).
In turn, the output elasticity is
while the elasticity with respect to any of the variables (i.e. capital, export share, and
(For the dichotomous technology variables, the semi-elasticity is obtained by dividing the corresponding elasticity in (9) by , and , respectively.)
We anticipate that the own-wage elasticities should not only be negative but also decrease (in absolute value) with the skill content of the labor input, while the capital stock is expected to evince greater complementarity with highly skilled workers. We also anticipate that technological and organizational change might impact labor, and in particular unskilled labor, unfavorably and (for manufacturing) that any adverse trade effects would likely be confined to be unskilled workers.
IV. Empirical Specification
Based on equation (4), the system of employment/output ratios is given by
where e denotes the error term. Or, setting , (since it seems reasonable that the error variance of the skill groups is correlated with the output level) and adding the subscripts l and t for establishment and year, respectively, we have
with .
To control for unobserved, time-invariant establishment effects, we apply the within transformation of equation (11), as follows
where a bar over the variable denotes a mean over time. As was noted earlier, we estimate the four factor demand functions (per sector) in equation (12) by the Seemingly Unrelated Regression (SUR) method.
We have already described the basis of construction of the four labor inputs in each of our two sectors, manufacturing and services. Also taken from the employment statistics are input prices since the establishment panel only contains information on the overall wage bill. These plant specific wage measures, together with the corresponding number of employees, 10 are added to the establishment panel, which contains the other information needed to estimate the system of input-output ratios from which our elasticities are derived. The next variable taken from the establishment panel is our measure of the capital stock. This argument is approximated by the sum of investment expenditures in the last two years and like the output measure is also calculated in DM million. In other work, two of the present authors have used replacement investment since this variable is more clearly expected to be proportional to the capital stock (see Addison, Schank, Schnabel, and Wagner, 2003) . In the present paper, however, our sample period begins in 1993 and data on replacement investment is only available after 1996.
The penultimate four arguments are dummy variables and provide more information on the nature of the capital stock. Three investment dummies signify whether a plant has, in the previous year, invested in property and buildings, in production units, and in information Tables 1 and 2. ( Tables 1 and 2 near here)
V. Findings
Tables 3 and 4 report the parameter estimates of equation (12) for manufacturing and services, respectively. The impact on demand of all variables, other than wages and output, can be directly read from the coefficient estimates. And we can infer from the relative wage coefficients which inputs are complements and which are substitutes in producion. In each case, however, we will dicuss these relationships in terms of the respective elasticities given
in Tables 5 and 6. ( Tables 3 and 4 near here) Beginning with the results for manufacturing in Table 5 , therefore, we see that with the exception of the white-collar composite group, the own-wage elasticities are all of the expected sign, and those of unskilled workers and skilled workers are both well determined and the differences between them (and between them and the white-collar composite) are also statistically significant at the .05 level or better. Note, however, that our expectation that the absolute value of the unskilled elasticity would be larger than those of the other skill groups is not borne out. Unskilled blue-collar workers emerge as substitutes in production for skilled and highly skilled workers but not with white-collar workers as a collectivity. On the other hand, skilled and highly skilled workers are weakly complementary. As far as white-collar workers are concerned the only significant cross elasticity is as noted earlier the negative association with unskilled blue-collar workers.
( Table 5 near here)
With the exception of white-collar workers, the output elasticities are positive and statistically significant. They are well determined only for the skilled blue-collar worker category and the white-collar aggregate (although the latter association is perverse). The labor demand elasticities with respect to capital are uniformly well determined and of very similar magnitude for each of the blue-collar groups. And trade seems benign in the sense that a rising share of exports in total sales seemingly boosts labor demand throughout. But the effect is small for blue-collar workers: a 10 percent increase in export share is associated with a less than one percent increase in employment. For white-collar workers the growth in employment is anomalous -on this occasion, anomalously high.
The generally benign effect of exports has a counterpart in the influence of technology. For both measures -state-of-the-art/up-to-date technical equipment and investments in information technology -the semi-elasticities are all positive and well determined. For each labor category, upgrading to state-of-the-art equipment and going from no investment to some investment in IT has a positive, albeit still small effect on employment.
We have no explanation for the consistent but opposing directional effects of investment in other production units (positive) on property and buildings (negative) on labor demand.
( Table 6 near here)
Turning to the results for services in Table 6 , perhaps the main difference from manufacturing is the emergence of a hierarchy in the pattern of own-wage elasticities. In particular, the own-wage elasticity of unskilled white-collar workers is strongly negative -a 10 percent increase in the wage of unskilled white collar employees lowers their employment by 21 percent -and is clearly differentiated from the experience of the two more skilled white-collar groups, the estimates for both of which groups are poorly determined. The ownwage elasticity of the blue-collar aggregate is also strongly negative and not significantly different from that of unskilled white-collar workers. There are few indications of either complementarity or substitutability between unskilled white-collar workers and their more skilled counterparts, although the skilled and the very highly skilled are clearly complementary inputs. Increases in the wages of blue-collar workers as a group lead to increases in both unskilled and skilled (although not highly skilled) white-collar employment.
Labor demand elasticities with respect to output for unskilled white-collar employees and blue-collar workers exceed unity and are well determined. Those for the two other whitecollar categories are statistically insignificant. But, as was the case for manufacturing, there is strong evidence of complementarity between capital and labor. Similarly, technology is associated with increased employment. In fact, the semi-elasticities are somewhat stronger than observed for manufacturing in seven out of eight cases. Again, then, investing in IT and upgrading technology leads to increases rather than decreases in labor inputs. As far as labor demand elasticities with respect to investments in other production units and in property and buildings are concerned there is some reversal of findings: now the latter investments increase employment across the board while the former investments tend to reduce employment albeit very modestly.
( Table 7 near here)
Finally, we investigated the effects of organizational change on labor demand. We already noted the loss in observations that this caused (because of the irregularity with which this question is asked in the panel survey) and so we only present results for the considerably larger manufacturing sample. We simply add the new regressor to an otherwise unchanged specification for manufacturing. As before the respective elasticities are provided. As can be seen from Table 7 , the main result is of course that the introduction of organizational change is associated with increases in employment. The magnitudes of the semi-elasticities are small:
initiating organizational change as opposed to not doing so increases the employment of bluecollar workers by between 1.3 and 1.8 percent, although the effect is greater for the whitecollar aggregate at just under 9 percent. As far as the other variables are concerned there are scarcely any qualitative differences between the results for the restricted and full manufacturing samples. As expected, these and other differences (in magnitude) are explained by the reduction in sample size. (Results for the restricted manufacturing sample net of the organizational change variable are available on request.) Stated baldly, the bottom lines from this empirical inquiry are fourfold. First, for manufacturing if not services, the own wage-elasticity of unskilled workers does not appear to be larger in absolute magnitude than that of skilled and yet more highly skilled groups.
Second, capital and all the various skill categories seem to be complements in production.
Third, (manufacturing) employment is increasing in export share. Finally, investing in technology and introducing organizational change are again productive of employment across the board.
VI. Interpretation
Our analysis has used information on 1,171 manufacturing plants covering on average 360,000 employees (and 174 service sector establishments covering some 49,000 employees), and has deployed one of the longest panels of which we are aware. Our findings differ somewhat from those reported in the literature in a number of respects. Chief among these is the absence of the familiar hierarchy in the own-wage elasticities by skill group (e.g. FitzRoy and Funke, 1998), at least for manufacturing. It may be objected that our findings for manufacturing could reflect inaccuracy in the identification of skill. Although our subsequent experimentation using education levels and qualifications to define blue-collar skill groups in manufacturing proved abortive (because of limited numbers of workers in the highest category), we were able to obtain a common measure of skill across sectors using the occupational breakdown suggested by Bauer and Bender (2004) . Estimates based on these alternative skill definitions for manufacturing are reported in Table 8 . It can be seen that our previous results hold up rather well. The largest changes are recorded for the highest skill group, which now contains most of the white-collar workers. The results for manufacturing based on employer skill definitions seem reasonably robust therefore. And, interestingly, the findings for the technology variables provide some support for biased technological change.
(Although the results for services are also similar to those reported earlier, we do not cite them here mainly because the sample is now three times as large as before.) (Table 8 near here) Issues of hierachy in these elasticities notwithstanding, our estimates of the unskilled worker own-wage elasticity are always well determined, and are particularly strong in the case of services. Within manufacturing, unskilled workers emerge as substitutes in production for more skilled workers, among the ranks of which there is however only very weak evidence of complementarity. For services, on the other hand, there is little evidence that unskilled and skilled (and yet more skilled) workers are affected by each other's wage. In both sectors, some strong substitute relationships between the composite skill groups and the more narrowly defined categories again suggest that further disaggregation is in order.
Complementarity between capital and the various skill categories is stronger than in previous research using the LIAB (e.g. Bellmann and Schank, 2000; Kölling and Schank, 2002) . However, such studies use either a cross section of data or at best a short panel. Note also that, with the exception of the composite groups, our estimates of the labor elasticities with respect to capital fall within a narrow range.
Increased trade does not appear to have adverse consequences for any skill group. That is to say the labor elasticities with respect to export share are not only uniformly positive but also well determined throughout. The estimated elasticities for unskilled blue-collar workers are smaller than for their skilled counterparts but the magnitudes are small for all blue-collar groups. But we would caution that the establishment panel does not contain information on the other side of the trade coin -imports -and so one cannot conclude in particular that trade is benign for low-skilled groups.
Perhaps most at odds with previous research, however, are our findings for technology. We find no evidence suggestive of skill-biased technical change insofar as this is captured by our two indicators. That is to say, neither upgrading to state-of-the-art equipment nor investing in Information technology has negative consequences for any of our narrowlydefined skill categories. Interestingly, the technology findings carry over to organizational change, which innovations are seemingly associated with modest increases in employment across the skill groups in manufacturing industry. In sum, the semi-elasticities are positive and statistically significant throughout. These results are also consistent with the results for the capital stock.
Our principal finding nevertheless resides in the estimated own-wage elasticities for unskilled workers. We have found that a 10 percent fall in the wages of unskilled workers would translate into a 5 increase in the demand for blue-collar workers in manufacturing and, more controversially, into a 21 percent increase in that of unskilled white-collar employees in services. If, as it is conventional to argue, rigid wages lie at the heart of the German employment problem, our estimates may suggest that one first-pass policy solution may lie in subsidizing unskilled work. To establish the effect of wage subsidies on unskilled worker unemployment, some additional assumption regarding the elasticity of wages with respect to unemployment is of course required (see Cahuc and Zylberberg, 2004, pp. 663-664) .
Endnotes 1 We shall impute wages above the ceiling (see below).
2 The Panel survey is based on the employment statistics via the establishment identifier. As a result, the panel only includes establishments with at least one employee covered by social security. 3 In a subset of estimates using this variable (see Table 7 (2004), we also experimented with an occupational-based representation of the workforce, wherein workers were classified into just three categoriesunskilled, skilled, and highly skilled -notwithstanding their white-or blue-collar status. The results of this exercise are briefly reported on in section VI below. 6 An alternative representation of the technology is given by the Translog cost function (Christenson, Jorgenson, and Lau, 1973) , which also can be viewed as a local second-order approximation of an arbitrary cost function. In this case, the factor shares rather than the conditional factor demands are linear in the relevant parameters of the cost function. The resulting system of cost share equations can also be estimated by the SUR technique described below. 7 Rationalization of this approach in the context of labor demand estimation can be found in Bond and Reenen (2006) . 8 They can also be used to obtain more direct measures of skill-biased technological change (SBTC) than a trend term added to the regression. 9 We selected the cluster option of the intreg-estimator provided in Stata. Our imputation procedure, based on the predicted wage plus an error term, also guarantees that the imputed wage is never below the ceiling. Results are available from the authors on request. We also experimented with alternative imputation methods. The results of imputations from estimating one wage equation per year across all skill categories for the manufacturing and service sectors are given in Appendix Tables 2 and 3 , respectively. As can be seen, the results are similar to those obtained in text Tables 4 and 5 with the main differences being confined to the highly skilled. 10 We should note that there are disparities between the sum of employees obtained from the employment statistics and the total given in the establishment panel. Where these amounted to 20 percent or more we chose to exclude the plant from the sample, treating the establishment identifier as flawed. Employee skill groups Employees in the raw administrative records were first classified into four groups: three blue-collar worker categories (comprising the unskilled, skilled, and highly skilled) and one aggregate white-collar category made up of all white-collar grades.
(The residual categories of home-workers, part-time workers, and apprentices were dropped from the sample.) White-collar workers were then disaggregated into three skill categories according to their education level: unskilled (individuals without a completed apprenticeship and without an Abitur), skilled (individuals with a completed apprenticeship and/or an Abitur), and highly skilled (individuals possessing a college, polytechnic, or university degree). As noted in the text, for the manufacturing sector analysis we used all three blue-collar skill categories and the single white-collar aggregate; whereas in the service sector we deployed all three white-collar categories and aggregated the blue-collar categories into a single grouping. Wages
Daily wage in DM. Information on individual wages in the administrative data is right censored at the upper earnings limit for social security contributions. For such individuals, the predicted wage was obtained using separate Tobit regressions of the daily wage on age, gender, nationality, 3-digit occupational dummies, plant size, and industry and year dummies. Output Total sales in DM Capital Sum of the current and the previous year's investment.
Export share
The percentage share of exports in the establishment's annual turnover. Notes: In the employee-employer matching procedure, all establishments employing less than 20 employees were dropped from the sample. Further, inclusion required that each establishment had at least 2 workers in each skill category. Finally, establishments in which the employer-employee match yielded a difference in employment levels of 20 percent or more were excised from the sample. One Wage Regression Per Year, Manufacturing (within-plant estimation). 
Index of technology
